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Large-scale topographic representations of the
body have long been established in the somatosen-
sory and motor cortices. Using functional imaging,
we identified a topographically organized body
part map within the occipitotemporal cortex (OTC),
with distinct clusters of voxels showing clear prefer-
ence for different visually presented body parts.
This representation was consistent both across
hemispheres and participants. Using converging
methods, the preference for specific body parts was
demonstrated to be robust and did not merely reflect
shape differences between the categories. Finally,
execution of (unseen) movements with different
body parts resulted in a limited topographic repre-
sentation of the limbs and trunk, which partially over-
lapped with the visual body part map. This motor-
driven activation in the OTC could not be explained
solely by visual or motor imagery of the body parts.
This suggests that visual and motor-related informa-
tion converge within the OTC in a body part specific
manner.
INTRODUCTION
One of the most robust organizational principles in the brain is
the topographic mapping of the body in the somatosensory
and motor systems. According to this principle, neighboring
neurons encode functional properties of the same body part.
In the primary somatosensory cortex, this local rule results in
a fine-scale orderly map, in which the stimulated body part can
be identified, based on the locus of the neuronal population
activity (Marshall et al., 1937; Kaas et al., 1979). Similar somato-
topic mapping (although at a larger scale) can also be found in
the primary motor cortex (M1) and other regions of the motor
system (Penfield and Boldrey, 1937; Alkadhi et al., 2002; Grodd
et al., 2001; Sanes and Schieber, 2001; Meier et al., 2008;
although, see Schwartz, 2007).
Visual presentation of facial and body images activates
distinct foci in the occipitotemporal cortex (OTC) of the human586 Neuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc.brain. Specifically, functional magnetic resonance imaging
(fMRI) studies have identified two separate regions which are
specialized for representing the body: the extrastriate body
area (EBA), and the fusiform body area (FBA). These two areas
selectively respond to images of the whole body (as well as of
nonfacial body parts) compared to other object categories
(Downing et al., 2001, 2006; Peelen and Downing, 2005a; Taylor
et al., 2007; for a review, see Peelen and Downing, 2007) and are
functionally dissociated from the occipital and fusiform face
areas (OFA and FFA, Haxby et al., 2001; Kanwisher et al.,
1997; Pitcher et al., 2009; Urgesi et al., 2004). Recent evidence
suggests that some specificity at the subordinate category level
may also exist between nonfacial body parts (e.g., upper limbs
and torso), both within EBA (Chan et al., 2010) and across the
OTC (Op de Beeck et al., 2010). This functional distinction
naturally raises the possibility that different body parts may be
mapped in the OTC in an orderly manner.
We therefore looked for evidence for a systematic organization
of body parts (i.e., an orderly map) in the visual cortex. To that
end, participants viewed images of body parts during fMRI
scans, using phase encoding and block design experiments.
We found a consistent gross topographic representation of
body parts in the OTC, with distinguishable clusters for separate
body parts.
Next, given that a likely organizing principle of higher-level
visual cortex involves shape attributes (Tanaka, 1996; Kourtzi
and Kanwisher, 2001), we tested whether the shape of the
different body parts may underlie selectivity in the body map.
We found that the visual preference to particular body parts in
OTC is not likely to be explained solely by shape differences
between body parts.
Finally, we examined whether this topographic organization is
based exclusively on visual information. Recent fMRI studies
show that unseen movements activate the OTC (Astafiev et al.,
2004; Gazzola et al., 2007; Filimon et al., 2009; Gazzola and
Keysers, 2009, Oosterhof et al., 2010). However, it is not known
whether thisactivation isbodypart specific.We found that unseen
movements performed by different body parts activated different
subregions within the visual body map in the OTC. The blood-
oxygen-level-dependent (BOLD) responses for the different
body parts when presented visually were significantly correlated
with the BOLD responses during the execution of movements
with the same body parts. This suggests a shared topographic
representation of seen and moved body parts in the OTC.
Figure 1. Visual Stimuli and Experimental Paradigms
(A) Examples of the visual stimuli used in the phase encoding experiment.
(B) A fragment of the experiment: a symmetric double wedge, comprised of images of different body parts, rotated around the central fixation cross. The five
different body parts (‘‘lower face and neck,’’ ‘‘upper face,’’ ‘‘upper limbs,’’ ‘‘trunk,’’ and ‘‘lower limbs’’) were presented sequentially in a fixed order. The body
part cycle time (30 s) differed from the double wedge rotation cycle (48 s; for simplicity of demonstration, only every other double wedge image in the sequence
is shown). Thus, information regarding selectivity for both body part categories and polar angle was acquired.
(C) In a separate EBA localizer experiment, single images of whole bodies (left), body parts (middle) and objects (right) were presented at the center of the visual
field in different blocks.
(D–E) In other block design experiments (1 and 2), images of 5 and 10 different body parts (respectively) were presented in different blocks at the center of the
screen. Their scrambled versions served as a ‘baseline’ condition. For more examples of images, see Figure S1.
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Mapping Body Parts in OTC
To identify potential visual body maps, we used the phase
encoding fMRI technique (Bandettini et al., 1993; Sereno
et al., 1995; Engel et al., 1997; Slotnick and Yantis, 2003).
Participants viewed a symmetric ‘‘double wedge,’’ rotating
around the central fixation (completing a full cycle in 48 s).
This double wedge contained pictures of five different body
part categories (Figure 1A and see Figure S1A available online),
presented sequentially in a fixed order, such that a cycle of all
body parts was completed in 30 s (Figure 1B). In order to obtain
a better signal-to-noise ratio and to eliminate biases resulting
from presentation order, this experimental design was repeated
in three to four runs, using either a reversed or a shuffled
sequence of body part presentation, relative to the initial
sequence.Individual Body Maps
Figure 2A demonstrates the voxel-by-voxel cross-correlation
analysis which was used to construct the individual body
maps. A hemodynamically convolved reference function (HRF,
predictor, blue) was systematically shifted along a run to
identify the lag that produced the maximal cross-correlation
coefficient (r value) with the raw BOLD signal (black) (Friston
et al., 1998). The resulting r values for each time lag within
a body part cycle are presented in Figure 2B. Each row corre-
sponds to a different voxel, shown here for illustration purposes
(the upper row shows data from the voxel presented in
Figure 2A). Each column corresponds to a different run, with
a different body part presentation order, and their average
(across runs; rightmost column). The preferred body part was
then selected for each voxel, based on the corresponding lag
with the highest mean r value (across all runs; a ‘‘winner-take-
all’’ approach).Neuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc. 587
Figure 2. Constructing an Individual Body Part Map
(A) Cross-correlation analysis: The rawBOLD signal of each voxel (black line for an example voxel) was correlated with a cyclic ideal HRF (predictor, blue line). The
predictor was systematically shifted in time (in regular steps of 2 s along the cycle) to identify the lag that produced the best match (maximal r value) with the
voxel’s raw BOLD signal (lag of 2 s in this example). The cyclic body part protocol is shown in the upper panel (blue, ‘‘lower face and neck’’; green, ‘‘upper
face’’; yellow, ‘‘upper limbs’’; red, ‘‘trunk’’; and pink, ‘‘lower limbs’’).
(B) The resulting r values from the cross-correlation analysis in five example voxels with different body part preferences (positions are shown as black open
squares in C) across three different runs (1, 2, 3) and their average (AV). The runs varied in their presentation order in the body part cycle (color code as in A).
The black graph shows the resulting r value, as a function of the time lag within a body part cycle. Note that these data are presented for illustration purposes
only and should not be interpreted as an indication of the consistency of the data across runs.
(C) The resulting body part map in one example participant, from a posterior lateral view (top) and a ventral viewpoint (bottom). The color of each voxel in the map
was assigned according to the body part in the cycle that yielded the highest r value in the cross-correlation analysis (taking into account the delay in the hemo-
dynamic response). Only voxels whose best mean r value was above the threshold (r = 0.26, based on q(FDR) < 0.001, solid black line in AV column, B) were
included in the map. Note that contiguous clusters of voxels on the map showed preference for the same body part. White solid lines indicate the borders of
retinotopic areas (defined using the polar mapping data of this participant, from the same dataset). The white dashed lines depict the boundaries of EBA and
FBA (from the separate EBA localizer scan, p < 0.001, cluster size corrected).
(D) A body part preference-strength map. Here, the color scale for each voxel indicates the difference between the maximal r values for the preferred and the
second-best category. Note that lower difference values (red) are often found at the borders between the clusters (denoted by black lines), indicating a smooth
transition between the body part selectivity of neighboring clusters. LH and RH, left and right hemispheres, respectively; STS, superior temporal sulcus; CoS,
collateral sulcus. For other body part individual maps, as well as non-body object maps, see Figure S2.
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Body Maps in Visual CortexFigure 2C shows the resulting body part map that was gener-
ated for an example participant, by coloring each voxel accord-
ing to its preferred body part. The body part maps of all other
participants are shown in Figure S2A (upper map of the two
maps plotted for each participant). Only voxels in which the
correlation coefficient (at the best lag) was greater than the588 Neuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc.threshold (false discovery rate (FDR), q < 0.001) were included
in the individual maps (r value thresholds between 0.26 and
0.28 across participants). The resulting maps, with significant
voxels located almost exclusively in theOTC, showed clear signs
of patchiness at a coarse spatial scale, suggesting that voxels
showing preference for a specific body part are not randomly
Figure 3. Mean Group Body Part Map
To construct the group-averaged body part map,
individual mean cross-correlation coefficients (as
in column AV in Figure 2) were averaged across
participants in standard space voxels. The result-
ing map (shown on the cortical surface of a repre-
sentative participant) includes only statistically
significant voxels (r > 0.15, q(FDR) < 0.001). Colors
in the group map thus indicate the preference of
each voxel for a certain body part across partici-
pants (see colored icons). These voxels were
almost exclusively located in the OTC. The white
dashed lines depict the boundaries of EBA and
FBA across participants (as defined by an inde-
pendent EBA localizer, random effects analysis,
p < 0.05, cluster size corrected). For a masked
group map, taking into account the comparison
between intact and scrambled body part images,
see Figure S3.
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Body Maps in Visual Cortexdistributed within the OTC. To visualize the strength of each
voxel’s body part preference, we plotted the difference between
the r value (at the best lag) corresponding to the preferred
category, and the r value corresponding to the second best cate-
gory, using a continuous scale (Figure 2D, and lower maps in
Figure S2A). Typically, this difference decreased toward the
borders of each body part cluster, suggesting a smooth transi-
tion between body part preferences in neighboring clusters.
To exclude the possibility that the mapping in the OTC could
be generalized to nonbody objects, participants also viewed
images of object parts (rather than body parts) in a separate,
identical phase encoding design, (Figure S2B). No consistent
representation was observed for each of the object parts, let
alone a full object map.
A Group Body Map
Next, to testwhether thebodypart representationwasconsistent
across participants, we calculated a group body part map. This
was done by averaging (across participants) the individual
r values for each lag in each standard-space voxel (Talairach
and Tournoux, 1988). We then chose voxels whose best group
r value was greater than the threshold (r = 0.15; matching the
FDR criterion used for the individual maps, q < 0.001). The result-
ing map is presented in Figure 3 (see also Figure S3 and Table 1),
in which the color index shows the preferred body part on the
basis of the maximal r value across participants. The group
body part map demonstrates a consistent topographic organiza-
tion, which was restricted to the OTC bilaterally, with separate
clusters showingpreference for eachbodypart at thegroup level.
Representations of the upper face (green clusters) resided in
the well-known OFA and FFA bilaterally, with additional small
clusters near the superior temporal sulcus. The coordinates of
the center of mass of these clusters were similar to those
described in other fMRI studies (Haxby et al., 2001; Kanwisher
et al., 1997). Strikingly, we found adjacent but separate clusters
(in blue) showing selective preference to images of the lower face
and neck. These clusters were found bilaterally in the OFA and in
the right FFA, mostly between the ‘‘upper face’’ clusters and the
‘‘upper limbs’’ or ‘‘trunk’’ clusters.
The ‘‘upper limbs’’ representation (yellow clusters) was
located in the dorsolateral OTC in both hemispheres (with thecenter of mass at the border between the medial occipital and
inferior temporal gyri). A much smaller representation was also
restricted to the occipitotemporal sulcus of the left hemisphere.
The ‘‘trunk’’ and ‘‘lower limbs’’ clusters (in red and purple,
respectively) were distributed between the dorsal and ventral
aspects of the lateral OTC. In the dorsal OTC, these clusters ad-
joined the main ‘‘upper limbs’’ representation from both the
ventral and dorsal sides.
Characteristics of Body Part-Selective Clusters:
Region of Interest (ROI) Analysis
Block Design 1: Body Part Preference
To verify the body part preference shown using the phase en-
coding paradigm, we ran an independent block design experi-
ment, consisting of centrally presented images from the five
body part categories in different blocks (Figures 1D and S1A)
as well as their scrambled versions (serving as a ‘‘baseline’’
condition). For each of the eleven participants that took part in
this experiment, we defined body part-selective ROIs within
bilateral OTC, based on the voxels’ preference in the phase
encoding experiment (‘‘winner-take-all’’ approach; Figures 2C
and S2A, upper maps). These ROIs included any voxels that
met the statistical criterion for significance in the phase encod-
ing experiment (FDR, q < 0.001), including voxels in both the
lateral and ventral surfaces of the OTC. We then examined the
body part-related activation levels (beta values) derived from
the block design experiment. The bars in Figures 4A and 4B
show the activation levels for the example participant and the
group mean (respectively), for each of the five body part cate-
gories within each ROI (left, y axis). The black line superimposed
on the bars shows the individual and group mean r values,
derived from the phase encoding experiment (right, y axis).
Crucially, the activation levels from the independent block
design experiment showed the same pattern of preference for
each of the five ROIs. First, the mean activation level for the
preferred body part in each ROI was significantly greater than
the activation level for the second-best category (paired t test,
p < 0.001 for the ‘‘upper limbs’’ ROI, p < 0.01 for the ‘‘upper
face,’’ ‘‘trunk,’’ and ‘‘lower limbs’’ ROIs, and p < 0.05 for the
‘‘lower face and neck’’ ROI). Moreover, the general pattern ofNeuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc. 589
Table 1. Localization and Size of Body Part-Selective Clusters
and EBA/FBA
Sites (with Anatomical
Location of their
Centers of Mass)
Center of Mass (T Coord.) Cluster
Volume
(mm3)X Y Z
Lower Face and Neck
L inferior occipital G (OFA) 40 82 10 351
R inferior occipital G (OFA) 43 77 7 1026
R fusiform G (FFA) 35 53 15 378
R superior temporal S 45 44 10 54
Upper Face
L inferior occipital G (OFA) 36 81 13 324
R inferior occipital G (OFA) 36 82 11 1107
L fusiform G (FFA) 37 47 19 351
R fusiform G (FFA) 39 51 16 756
L superior temporal S 45 65 16 54
R superior temporal S 49 51 12 108
Upper Limbs
L intraparietal S 26 68 24 135
L inferior temporal G/
medial occipital G
48 69 2 6102
R inferior temporal G 48 62 2 5427
L occipitotemporal S 42 48 12 459
Trunk
L medial occipital G 32 82 8 1134
R medial occipital G 35 79 9 1458
L occipito-temporal S/
inferior temporal G
41 68 9 1485
R occipito-temporal S/
inferior temporal G
40 62 9 2133
L fusiform G/
collateral S
29 52 12 2349
R fusiform G/
collateral S
26 46 12 1890
Lower Limbs
L medial occipital G (near
transversal occipital S)
23 86 16 1809
R medial occipital G (near
transversal occipital S)
25 83 17 3402
L medial occipital G 37 83 6 1377
R medial occipital G 35 -79 9 1188
L inferior temporal G 40 64 5 54
R inferior temporal G 39 60 2 108
L collateral S 24 60 10 1890
R collateral S 23 59 8 2079
EBA Localizer
L medial occipital G/
inferior temporal G
46 74 3 7517
R medial occipital G/
inferior temporal G
45 65 5 11,970
FBA Localizer
L fusiform G 40 39 21 230
R fusiform G 40 44 15 2558
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590 Neuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc.activation in the ROIs for the different body parts was highly
consistent across the two experiments on a participant by
participant basis, as reflected in a highly significant correlation
between these two estimates (see Figure 4C; mean r values
between 0.89–0.95, p < 0.001 for all ROIs, random coefficients
model; for more detail, see Table S2A). Thus, the preference
of individual clusters for specific body parts that we demon-
strated using the phase encoding approach, was clearly
replicated, both within and across participants, using the inde-
pendent block design approach.
Block Design 2: The Contribution of Shape Selectivity
Next, we tested whether the preference for particular body parts
within the body part map could simply be determined by differ-
ences in stimulus shape. In a separate block design experiment,
each of the original body categories was further divided into two
different and distinct subcategories (e.g., the upper limb was
divided into ‘‘hand’’ and ‘‘elbow,’’ upper face into ‘‘eyes’’ and
‘‘nose,’’ etc.; Figure 1E and Figure S1B). In each of the previ-
ously defined body part ROIs, we assessed the activation levels
elicited by each of these ten subcategories (Figure 5A, rows). In
all ROIs, the highest level of activation occurred during viewing
of the two subcategory parts that comprised its original
preferred body part (e.g., the ‘‘upper limbs’’ ROI was activated
most strongly by images of hands and elbows). We also exam-
ined, within each ROI and for each participant, the extent to
which the activation elicited by each subcategory (e.g.,
‘‘hands’’) was correlated with the activation level to its paired
subcategory (e.g., ‘‘elbows’’). The analyses included all 16
combinations of pairing of the 5 subparts within each ROI. We
found a highly significant correlation between the activation
levels for the two subcategories in all ROIs, even though the
subcategories that comprised the original category were often
quite different in their shape characteristics (group mean r
values between 0.67 and 0.93, p’s < 0.001 for all possible
combinations in all ROIs, random coefficients model; Table
S2B; see details in Experimental Procedures). It is therefore
reasonable to assume that the specificity for body parts is not
merely due to shape differences between the various cate-
gories.
Bodies versus Objects
To delineate the boundaries of EBA (and FBA), we applied a stan-
dard localizer test using a block design experiment (Downing
et al., 2001, 2006; see Experimental Procedures). The regions
delineated by the white dashed line in the group map (Figure 3)
and in the individual maps (Figures 2C and S2A) indicate areas
that were activated significantly more strongly during presenta-
tion of images of whole bodies or body parts as compared to
objects. In general, the body maps extend well beyond the locus
of EBA/FBA, with EBA largely overlapping with ‘‘upper limbs’’
selective clusters. In contrast, FBA mostly overlapped with the
face representation in the average map (although this was less
consistent in the individual results; Figure S2).
We further characterized the degree to which voxels in the
OTC showed preference to individual body parts compared to
other (nonbody) object categories. For this purpose, we ran an
additional localizer test (on a new group of participants, n = 11),
in which images of the five original body part categories, as well
Figure 4. Preference for Body Part Categories Is
Preserved across Experiments
Analysis of the activation pattern, derived from block design 1,
in the body part selective ROIs of the example participant (A),
presented in Figure 2 andmean group (B). Each body part ROI
was defined for each participant based on the phase encoding
experiment. Each row corresponds to a ROI with a different
body part preference (as indicated by the icons). Graphs
(black line, right y axis) show the resulting cross-correlation r
value (averaged over all the voxels of each ROI) as a function
of the body part cycle lag. Bars (left y axis) show themean acti-
vation levels (beta values) of voxels within the same ROI,
derived from the independent block design 1 experiment.
Bar colors correspond to the different body parts (see index
below the bottom graph in A). Note that the pattern of prefer-
ence for the different body parts was remarkably similar
across the two experiments. This was the case both for the
example participant (A) and for the group average (B), in which
the error bars indicate SEM.
(C) Scatter plots depicting individual r values (averaged across
the three lags for each of the body part categories, x axis) and
beta values (y axis) in each ROI, in the two independent exper-
iments. Different symbols correspond to different participants.
Black lines indicate individual participants’ regression slopes.
Colored diamonds and the orange line correspond to the
BOLD estimates and slope of the participant shown in (A).
The two measures were highly correlated in each ROI (mean
r values between 0.89-0.95, all p’s < 0.001, random coeffi-
cients model). This strongly supports the notion of a topo-
graphic representation of different body parts in distinct
clusters in the OTC.
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Body Maps in Visual Cortexas ‘‘objects’’ and ‘‘houses,’’ were shown in the same run (see
Supplemental Experimental Procedures and Figure S1C). Using
a ‘‘winner-take-all’’ approach we largely replicated the body part
map in the OTC (Figure S4B). Within each body part ROI, the
response for the preferred body part was significantly higher
than for both ‘‘houses’’ and ‘‘objects’’ (paired two-tailed t test,
all p’s < 0.001; Figure S4A). Furthermore, when taking into
account the activation levels for houses and objects as compet-
itors in the ‘‘winner-take-all’’ analysis, all body part categories
were still represented, with only moderate changes in the result-
ing map (e.g., the size of the lower limbs and trunk clusters was
moderately smaller; Figure S4D). This functional dissociation
between the representation of body parts and other objects is
consistent with a recent study (Pitcher et al., 2009) which
demonstrated that, depending on its exact position, transcranial
magnetic stimulation (TMS) can specifically disrupt visual recog-
nition performance of human bodies without affecting the recog-
nition of objects.Neuron 68,Correspondence between Visual and Motor
Body Part Mapping
Given that the OTC has been associated before
with limb actions (Astafiev et al., 2004; Dinstein
et al., 2007; Gazzola et al., 2007; Filimon et al.,
2009; Gazzola and Keysers, 2009, Oosterhof
et al., 2010), it seemed conceivable that the body
map would also incorporate body part specific
motor (or proprioceptive) information. To test this
we conducted another experiment, requiringa subset of our original participants (n = 10) to perform unseen
movements with different body parts (tongue, hands, buttocks,
feet), using a block design approach.
Preliminary analysis revealeda partial correspondencebetween
visual and motor representations of different body parts (see
Figure S5). To assess the degree of visuomotor correspondence
within specific ROIs, we used the body part specific ROIs derived
from the visual phase encoding body part map (including both the
lateral and ventral surfaces of the OTC, with the exception of the
‘‘upper face’’). Within each ROI and for each participant, we
extracted (using a GLM approach) the mean activation level
(beta values) for each body part, in the visual (block design 1)
and the motor block-design experiments (Figure 6A). We then
correlated the visual and motor activation levels for each body
part in a given ROI, on a participant by participant basis (Figure
6B). Strikingly, despite the partial overlap seen in the visual and
motor activation maps (Figure S5), the two measures were signifi-
cantly correlated in the ‘‘upper limbs,’’ ‘‘trunk,’’ and ‘‘lower limbs’’586–600, November 4, 2010 ª2010 Elsevier Inc. 591
Figure 5. Body Part Preference Cannot Solely Be
Explained by Shape Differences
(A) Analysis of the BOLD activation levels in the various body
part selective ROIs for different body part subcategories
(used in block design 2). Each row corresponds to a specific
ROI with a different body part preference, defined according
to the individual body part maps from the phase encoding
experiment. Bars show the group mean activation levels
(beta values) for ten new body part subcategories, two from
each of the five original body part categories. Note that paired
subcategories (of the same body part category) have distinctly
different shapes. However, the activation profiles are very
similar in the left and right columns, each including one
subcategory of each of the five body parts. This can best be
appreciated when comparing the activation level for each
subcategory (e.g., hands) with the activation level to its paired
subcategory (elbows) across participants.
(B) Scatter plots depicting individual activation levels for one
set of subcategories (set 1, lips [L], eyes [Ey], hands [H], chest
[Ct], and feet [F]; x axis) versus the activation elicited by the
complementary set of subcategories (set 2: chin [Cn], nose
[N], elbows [El], buttocks [B], and knees [Kn], respectively;
y axis). Notations are as in Figure 4C. The two measures
were significantly correlated in each ROI (group mean r values
between 0.67 and 0.93, p’s < 0.001 for all possible combina-
tions in all ROIs, random coefficients model). The body part-
selective ROIs do not show obvious selectivity to particular
shapes. Rather, they show selectivity to the body part cate-
gory which is preserved at the subcategory level. For the
dissociation between body parts and nonbody (objects or
houses) categories in the OTC, see Figure S4.
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coefficients model; see Table S2C for further details). Since these
visuomotor correlations at the ROI level were based on a small
number of categories, their validity was further confirmed using
a permutation test (see Experimental Procedures).
To probe the degree of visuomotor correspondence in body
part representations at the individual voxel level we constructed
a unique predictor function for each voxel, based on its
response pattern during the phase encoding experiment. This
is demonstrated for an example voxel in Figure 7A: this voxel
was taken from the ‘‘trunk’’ ROI, indicating that its highest r
value in the phase encoding experiment was associated with
images of the trunk. The same voxel yielded different (lower) r
values when the time lags in the cross-correlation analysis
corresponded to the other body parts. For each voxel, we
extracted the four r values corresponding to the body parts
used in the motor experiment. We used these r values, repre-
senting the fit between each body part-related predictor and
the phase encoding activation time course, as body part
predictor weights. These ‘‘visual’’ weights were then convolved
with a standard HRF, to generate the predicted response for the
body part conditions in the other visual (block design 1) and592 Neuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc.motor block design experiments (taking into
account their specific temporal pattern). The vox-
el’s unique body part predictor function was then
correlated with the raw BOLD time course in the
independent visual experiment (block design 1,
middle panel; serving as a ‘‘benchmark’’ test)and the motor experiment (bottom panel). Effects resulting
merely from the transitions between ‘‘block’’ and ‘‘baseline’’
periods were eliminated by assessment of the correlation
obtained using an equally weighted predictor function, and
application of a partial correlation test (see details in Experi-
mental Procedures).
The results of this analysis in one representative participant
are shown separately for each ROI in Figure 7B: scatter plots
show the resulting r values on a voxel-by-voxel basis, for the
visuovisual (‘‘benchmark,’’ x axis) and the visuomotor (y axis)
comparisons. The visuovisual correlations in all ROIs of this
representative participant were mostly positive, indicating that
the specific pattern of activation for individual body parts can
be observed across visual paradigms at the voxel level, and
not only at the voxel population (ROI) level (Figure 4). Note that
these ‘‘benchmark’’ correlations are relatively low, probably
due to differences in stimulus presentation across the visual
paradigms, and the large trial-to-trial variability that is typical of
BOLD responses. Importantly, a similar pattern of positive,
although somewhat lower, r values was found for the visuomotor
correlations, in the ‘‘upper limbs,’’ ‘‘trunk,’’ and ‘‘lower limbs’’
ROIs. These results suggest that, given the visual response
Figure 6. Occipitotemporal Body Part-Selective Clus-
ters Are Similarly ActivatedWhen Seeing the Preferred
Body Part and When Acting with It
(A) Analysis of the correspondence between visual and motor
preference was performed in the same ROIs as in Figures 4
and 5 (except for the ‘‘upper face’’ ROI). Bars show the beta
values following viewing of body parts in block design 1 (left)
and following active performance of unseen movements with
these body parts in the motor experiment (right), averaged
across participants. Error bars indicate SEM. Note the degree
of similarity in the ROI preference across modalities (apart
from the ‘‘lower face and neck’’ ROI).
(B) Scatter plots depicting individual beta values elicited by the
visual (x axis) and motor (y axis) experiments in each ROI.
Other notations are as in Figure 4C. Activation levels during
actions with the different body parts were significantly corre-
lated with the levels of activation during passive viewing of
the same body part in the ‘‘upper limbs,’’ ‘‘trunk,’’ and ‘‘lower
limbs’’ ROIs (mean r values between 0.73 and 0.93, all p’s <
0.001, random coefficients model). For partial correspon-
dence between visual and motor body part representations
in the OTC, see Figure S5.
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can predict, to some extent, the voxel’s response patterns to
movement execution using the same body parts.
To confirm the validity of the visuomotor correlations within
individual voxels, we calculated the percentage of voxels, within
each ROI and for each participant, which passed a permutation
test (using a similar approach as applied at the ROI level, see
above). For this purpose, we generated 23 other weighted
predictors for each voxel, covering all possible false assign-
ments of the body parts, and correlated each with the motor
block design raw BOLD signal, to obtain a specific r value for
that falsely assigned predictor. The permutation test required
that the r value for the correct visuomotor assignment was signif-
icantly greater than the distribution of r values obtained using all
other assignments (see Experimental Procedures). The mean
percentages of voxels (across participants) which passed this
permutation test were 24%, 21%, and 26% for the ‘‘upper
limbs,’’ ‘‘trunk,’’ and ‘‘lower limbs’’ ROIs, respectively (corre-
sponding to means [±SEM] volumes of 40 ± 7, 44 ± 16, and
15 ± 4 standard voxels of 3 mm isotropic resolution; light grayNeuron 68,dots in the scatter plots of Figure 7B show the
significant voxels in one example participant).
These proportions were significantly higher than
the proportion expected at random within a voxel
population, (assuming that neighboring voxels are
independent) in all ROIs (4.2%, given the number
of possible assignments n = 24; all p’s < 0.001).
The exception, as before, was the ‘‘lower face
and neck’’ ROI, with a proportion of 8% (p =
0.11). Importantly, the proportions stated above in
the ‘‘limbs’’ and ‘‘trunk’’ ROIs were also signifi-
cantly greater than that found in the ‘‘lower face
and neck’’ ROI (all p’s < 0.01), which may reflect
the expected proportion of voxels surviving the
permutation test at random, even if the assumption
of voxel independence is incorrect. This testconfirms that visuomotor correspondence can also be seen at
the level of individual voxels.
To quantify the degree of visuovisual and visuomotor corre-
spondence at the group level, we averaged (within each ROI)
the two r values across voxels per individual (red arrows in
each scatter plot in Figure 7B), and then across participants
(Figure 7C). The resulting group r values were significantly posi-
tive both in the visuovisual and visuomotor correlations for all
ROIs (p’s < 0.001), with the exception of the ‘‘lower face and
neck’’ ROI in the visuomotor correlation (p = 0.73). These
converging results suggest that at least some shared preference
in the activation profile exists for these body parts in the visual
and motor domains, despite their only partial overlap.
Interestingly, the only ROI that lacked a motor-selective repre-
sentation matching its visual preference was that of the ‘‘lower
face and neck.’’ A possible distinguishing characteristic of
tongue movements is that we rarely observe them in ourselves
(or in others). By contrast, movements of the hands and feet,
as well as of the buttock muscles (which are associated with
locomotion), are often observed. These results may therefore586–600, November 4, 2010 ª2010 Elsevier Inc. 593
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toring of movements.
The Potential Role of Imagery in Movement-Related
Activations in OTC
Could the correspondence between visual and motor body part
preferences be due to mental imagery that is evoked automati-
cally bymotor execution? To test this, we conducted two control
experiments in which two groups of participants were asked
either to imagine themselves viewing movements executed
with the same body parts (n = 10; Figures S6A and S6B) or to
imagine themselves performing the same hand movements
(n = 8; Figure S6D; see Supplemental Experimental Procedures
for details). The activation generated for the preferred body
part category by motor-execution conditions was significantly
higher than that elicited by both imagery experiments in the limbs
and trunk ROIs (paired two-tailed t test, all p’s < 0.05). Moreover,
we demonstrated that visual imagery alone is insufficient to elicit
a topographic representation of the body in the OTC (Fig-
ure S6C). These results confirm that the motor-related activity
in the OTC cannot simply be explained by mental imagery (or
visualization) of body parts during the execution of movements.
DISCUSSION
In the present study, we demonstrated a functional parsing
within the OTC, for the representation of different human body
parts. Using converging methods, we found that individual vox-
els in the OTC showed a clear preference for images of a specific
category of body parts, compared with images of other body
parts, both when presented centrally or in different positions
within the visual field (Figure 4). Moreover, voxels showing the
same categorical preference for a specific body part were
spatially grouped in distinct clusters. Clusters with different
preferences were found next to each other, thus forming a
topographic organization, which was consistent both across
hemispheres and across participants (Figures 2, 3, S2, and S3).
A number of organizing principles within this body-map were
observed: (1) mapping of the different body parts was graded
rather than discrete—voxels generally responded to more than
one body part category (Figures 4 and 5), such that the strength
of preference for a specific body part in a given cluster typically
dropped near the cluster’s borders (Figures 2D and S2A); (2)
a distinctive characteristic of the group map was an over-repre-
sentation of the upper limbs relative to other body parts, while
the representation of the lower face was the smallest (Table S1).
This suggests that the body part visual maps are not replicas of
the somatomotor representations found in S1 and M1 (Penfield
and Boldrey, 1937; Marshall et al., 1937), where both the upper
limbs and lower face are overrepresented; (3) the body part pref-
erence of a given voxel was not determined by its selectivity to
a particular shape (Figure 5); (4) in agreement with recent TMS
results (Pitcher et al., 2009), the topographic representation of
the body was largely dissociated from the representation of non-
bodily objects or houses (Figure S4); (5) body part-specific
regions within the map that represent visible parts from a first-
person perspective (upper limbs, trunk, lower limbs) showed
a similar preference during self-generated and unseen move-594 Neuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc.mentsof thesebodyparts (Figures6and7). Thegradedactivation
patterns within these regions were consistent across modalities.
The body-maps extended beyond the boundaries of EBA/FBA
(Downing et al., 2001, 2006; Taylor et al., 2007) and were wide-
spread across the OTC (Figures 2C, 3, and S2), with the EBA
mostly overlapping with the ‘‘upper limbs’’ ROI. These results
are in line with some recent studies showing selective represen-
tation of the upper limbs within (or adjacent to) EBA, compared
with whole bodies (Bracci et al., 2010), torsos (Op de Beeck
et al., 2010), and lower limbs (Chan et al., 2010), using both
GLM and multivoxel pattern analysis approaches. Interestingly,
in the study by Op de Beeck and colleagues, a classifier de-
signed to discriminate between hands and torsos performed
significantly even beyond EBA (for example, in the parahippo-
campal place area), suggesting a distributed specificity for
body parts across the OTC.
Potential Organizing Principles in the Body Part
Topography
A general principle of cortical map topography (as stated by
Graziano and Aflalo, 2007) is the ‘‘nearest neighbor similarity’’
principle, according towhich neighboring neurons share a similar
preference. Identifying the source of this principle will be a key to
our understanding of the OTC body part map.
Shape Similarity
The OTC has often been associated with visual shape process-
ing (Tanaka 1996; Kourtzi and Kanwisher, 2001). In our study,
ROIs defined by their preference for a particular body part
category (e.g., ‘‘upper limbs’’), responded most prominently to
images portraying their specific subcategories, which are
distinct from one another (e.g., hands and elbows) and in fact
may be more similar in shape to other subcategories (feet and
knees, respectively; see Figure S1B). The similar patterns of acti-
vation levels for the visually distinct subcategories of each body
part (Figure 5) suggests that the body part map is not solely
determined by the shape of the visual features. However, it is still
likely that shape similarity may contribute, to some extent, to the
architecture of the body maps, in particular with respect to more
detailedmaps that may exist at a higher resolution than identified
in the present study.
The ‘‘Physical Distance’’ Principle
Another possible contributing candidate to the ‘‘nearest
neighbor similarity’’ principle is the physical distance between
different body parts. Within the body map, physically adjacent
body parts were often mapped onto neighboring clusters (such
that the lower face resided between the upper face and the
trunk). This mapping rule was replicated at the ROI level: a non-
preferred body part elicited weaker activation as the physical
distance between this category and the preferred category
increased. However, in our study this ‘‘rule’’ was violated in the
‘‘upper limbs’’ ROI, where the second best category was the
lower limbs, rather than the adjacent trunk (see Figures 4B and
5). This violation might be attributed to some shared shape- or
motion-related characteristics between the upper and lower
limbs.
The ‘‘Motion-Processing Bias’’ Principle
Body parts are a distinct category of objects in their capacity to
move. This is especially true for the upper and lower limbs, which
Figure 7. Occipitotemporal Body Part-Selective Voxels Show Similar Response Patterns for Viewed and Self-Moved Body Parts
Visuomotor correspondence analysis at the voxel level for (A) an example voxel showing selectivity for the trunk in the phase encoding experiment. The r value
corresponding to each time lag in the visually presented body part cycle (black dots, top) was calculated for each voxel (as in Figure 2), and the mean value (per
condition) was extracted (black arrows). These r values were used as predictor weights for the different body part conditions, and were then convolved with
a HRF, while taking into account the specific visual (middle panel) and motor (bottom panel) block design time courses. This led to the generation of unique pre-
dicted time course of response (white lines) in the two experiments. (Note that in the visual block design the ‘‘upper face’’ blocks were not modeled.) The resulting
predictors were then correlated with the raw BOLD signal in the visual and motor block design experiments (black line), yielding a measure for the degree of
visuovisual (middle panel) and visuomotor (bottom panel) correspondence at the voxel level. The same analysis was performed on each voxel of each ROIs
and each participant. Note that any effects resulting merely from the transitions between ‘‘block’’ and ‘‘baseline’’ periods were eliminated using a partial corre-
lation test.
(B) The results of the analysis in a representative individual participant. Scatter plots depict the resulting r values for the visuovisual (x axis) and visuomotor (y axis)
comparisons within eachROI (rows), based on the predictor function that was generated for each individual voxel. Light gray dots indicate voxels that survived the
visuomotor correlation permutation test. The red arrows show the mean r values across voxels within each ROI. Note that in the ‘‘upper limbs,’’ ‘‘trunk,’’ and
‘‘lower limbs’’ ROIs, most of the points are concentrated in the upper right quadrant, suggesting positive correlation within individual voxels for both visuovisual
and visuomotor comparisons.
(C) Results across participants: the mean visuovisual and visuomotor r values were averaged within each ROI across participants (white and black bars, respec-
tively). In all ROIs, group averaged visuovisual and visuomotor r values were greater than 0 (all p’s < 0.001), with the exception of the visuomotor correlation for the
‘‘lower face and neck’’ ROI. This approachwas further verified by using the visual beta values (from block design 1) as predictor weights for themotor time course,
with similar result (dark gray bars). The error bars indicate SEM. For potential confounds of imagery, see Figure S6.
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seen in numerous visual configurations. Although we presented
static images, it is possible that some shared representation
between the limbs in the ‘‘upper limbs’’ ROI (Figures 4–6 and
S5A) resulted from an implicit association between the limbs
and their capacity for motion. This interpretation is in line with
other studies involving the EBA (which in our study largely over-
lapped with the ‘‘upper limbs’’ ROI) with human movement pro-
cessing (Jastorff and Orban, 2009).The ‘‘Eccentricity-Bias’’ Principle
Another guiding rule underlying the architecture of the body map
might be the ‘‘eccentricity-bias’’ principle (Levy et al., 2001). It
asserts that object representations in the human OTC are
arranged according to a central (faces, letter strings, or words)
versus peripheral (buildings or scenes) visual field bias (but see
Larsson and Heeger, 2006; Wandell et al., 2007). Indeed, in our
map, some body parts whose visual recognition may depend
more on the analysis of fine details (e.g., facial expressions)Neuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc. 595
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whereas other body parts, whose recognition necessitates
large-scale integration (for example trunks and lower limbs)
were more peripherally based.
Though any one of these principles might have resulted in
a simple and orderly map, their simultaneous interaction will
result in a complex and fractured topography (Graziano and
Aflalo, 2007; Op de Beeck et al., 2008). Further research is
required in order to determine the relative contribution of each
of these mapping rules (or other as yet unknown principles) to
the shaping of the body map.
Utilization of Action-Related Information
One of the intriguing findings in this study is the partial corre-
spondence between the OTC body part mapping in the visual
and motor domains. Several recent studies have shown that
the OTC (specifically, an area at a location similar to our ‘‘upper
limb’’ representation) is active during unseen hand and arm
movements (Dinstein et al., 2007; Gazzola et al., 2007; Filimon
et al., 2009; Gazzola and Keysers, 2009; Ishizu et al., 2009,
Oosterhof et al., 2010) as well as during vibrotactile stimulation
of the hand (Beauchamp et al., 2007). Importantly, we ruled out
the possibility that such motor-related activation is merely due
tomental imagery (or visualization) or that the activation resulting
from the motor experiment is independent of movement execu-
tion. Indeed, self-initiated body part movements yielded a much
stronger activation than imagined movements in the relevant
visual areas (Figures S6B and S6D; see also Astafiev et al.,
2004). Moreover, visual imagery of different body parts elicited
no topographic representation in the OTC (Figure S6C). Still,
we cannot completely rule out the possibility that motor execu-
tion automatically triggers very vivid visual imagery of the moved
body part, thus resulting in stronger activations in the OTC than
those elicited by memory-based visual imagery (which may be
poorer). This account does not undermine our interpretation of
a visuomotor body part map, as motor execution seems to be
necessary in order to elicit body part specific representations
with no visual input.
We would like to suggest that the categorical visual body-map
might receive some body part-specific motor- (or propriocep-
tive)-related information. Indeed, Astafiev and colleagues
(2004) showed motor-driven activations in EBA for unseen
movements. This finding was criticized by others, who argued
that the motor-related activations did not fully overlap with
EBA (Peelen and Downing, 2005b). Furthermore, it has been
argued that this motor activation might not be related directly
to visual body perception and may even be decoupled from it
(Kontaris et al., 2009; for review, see Peelen and Downing 2007).
In light of this controversy, it is important to note that we do not
provide any direct evidence for the functional contribution of
motor-related signals to the visual representation of the body.
However, our findings shed new light on the relationship
between visual and motor-driven inputs with respect to body-
representation in the OTC: first, we found that the visual and
motor representations of the body shared some topographic
commonalities (Figure S5); second, the activation profiles for
different body parts within the limbs- and trunk-selective regions
in the OTC were similar across the visual and motor domains596 Neuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc.(Figures 6 and 7). Moreover, individual voxels showed consistent
response patterns to the various body parts across visual and
motormodalities. This result suggests that theremay be a shared
visuomotor representation of body parts at the voxel level.
However, it is currently unclear whether this shared preference
occurs at the level of individual neurons, or whether instead there
are two distinct and modality-specific neuronal populations,
selective to the same body parts. Other fMRI experimental
methods, such as repetition suppression, may be helpful in
addressing this question.
It is conceivable that the OTC may contribute to motor control
processing, by providing a locus for converging basic categorical
visual and motor information with respect to body parts. For
example, an efference copy (or proprioceptive) signal may serve
as a top-down body part specific attentional signal. Such a signal
may enhance the overall level of activation in (visual) representa-
tions of that body part, while it is being moved by the observer.
This will result in shifting the focus of attention to this body part.
Behavioral evidence from a previous study supports this idea:
when observers performed a task requiring judgments about
limb postures while simultaneously moving their own limbs,
they were significantly faster when the observed limbs and the
moved limbs were from the same category (either both upper
or both lower limbs; Reed and Farah, 1995). If such a body part
specific attention (or awareness) mechanism exists, it may play
an important role in the process of visuomotor learning and imita-
tion. Finally, it is possible that the efference copy signal transmits
information about the predicted sensory consequences of the
planned action, which is compared to the visual description of
the observed (one’s own or another’s) action, to produce a rele-
vant error signal (for a review, see Miall, 2003).
Conclusions
The human visual system has been known to contain topograph-
ically organized maps in the early visual cortical areas. We show
that higher-order visual areas also represent information in an
orderly map, providing categorical information regarding a bio-
logical object of great relevance to us—our body. Action-related
information may converge with this visual map, in a body part-
specific manner.
EXPERIMENTAL PROCEDURES
Participants
Twelve volunteers (aged 25–30, 6 female) with no history of neurological,
psychiatric or visual deficits participated in the main experiments. The
Hadassa Hospital Ethics Committee approved the experimental procedure
in advance.Written informed consent was obtained from each participant prior
to the procedure. All 12 participants were scanned using a phase encoding
design and the EBA localizer. A subset of 11 participants (6 female) also partic-
ipated in block design 1. Another subset of 8 participants (4 female) partici-
pated in block design 2. Finally, 10 of the participants (5 female) participated
in the motor experiment, of which 8 also performed the motor imagery control
(4 female). An additional group of 11 volunteers was recruited for the control
experiments involving house and object viewing and visual imagery of move-
ments (see Supplemental Experimental Procedures).
MRI Acquisition
The BOLD fMRI measurements were obtained using a whole-body 3 Tesla
Magnetom Trio Siemens scanner, and a standard head coil. The fMRI
Neuron
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following timing parameters: TR = 2 s, TE = 30 ms, flip angle = 90 degrees,
imaging matrix = 80 3 80, FOV = 20 cm. Twenty-nine to thirty slices with
3 mm slice thickness (with 0.3 mm gap) were oriented in the axial plane,
covering the whole brain. The functional voxels were thus of 2.5 3 2.5 3
3.3 mm. High-resolution T1-weighted magnetization prepared rapid acquisi-
tion gradient echo (MPRAGE) images were also acquired.
Experimental Setup
Visual stimuli were projected via an LCD projector (Epson MP 7200, Japan)
onto a screen in front of the participants. The screen was made visible to the
participants via a tilted mirror, positioned above their faces.
Stimuli and Tasks
Phase Encoding Experiment
The visual stimulus for the phase encoding experiment consisted of a symmet-
rical ‘‘double wedge’’ (in opposite orientations) rotating around the central fixa-
tion at 0.021 Hz (48 s per cycle). This double wedge stimulus was chosen
mainly for its symmetrical shape, allowing for better maintenance of fixation
on the central fixation cross. Each wedge covered 36 degrees of arc at the
circumference and extended from fixation to 12 degrees into the visual
periphery. The double wedge was composed of images of five different
body part categories (Figure 1A), presented sequentially in a fixed order (the
order was varied between runs) at 0.033 Hz (see Figure 1B). A full body part
cycle lasted 30 s, with each image category presented for 6 s (i.e., 3 TRs) in
two consecutive double wedge positions, such that each image category
was presented equally in all the visible segments of the visual field. Each
double wedge contained two different exemplars of a body category shown
symmetrically on both sides of the wedge for 1.5 s (Figures 1A and 1B), so
that in each cycle, 8 different exemplars (16 images) of each body category
were presented. In total, 240 colored photographs of body parts of people
differing in race, age, gender, and figure were used to compose the rotating
double wedge. The images were mostly taken from an allocentric point of
view (see Figure S1A for a subset of the images used to construct the double
wedge).
The orientation of a certain body part on the two opposing sides of the
double wedge was kept the same for most of the wedges. However, in 1 to
4 double wedges within each body part cycle, the orientation of body parts
in one wedge was changed with respect to the other wedge (as in the fourth
image from the left in Figure 1A). Participants were instructed to fixate on
the central fixation cross and to press a buttonwhenever they detected adiffer-
ence in orientation of body parts on the two opposing sides of the double
wedge. This was done in order to keep the participants alert and attentive to
the stimuli. Participants were briefly trained to verify that they can perform
the task correctly while maintaining fixation. Indeed, the high quality of the
retinotopic maps which were extracted using the same data indicated that
fixation was reasonably well maintained.
We used the same data to map the borders of retinotopic areas, taking into
account the spatial position of the rotating wedge (Figure 1B). In half of all
scans, the double wedge rotated in a clockwise direction, while in the other
half it rotated anticlockwise.
In total, each scan was 516 s long, and comprised 16 cycles of body parts,
superimposed on 10 cycles of wedge rotation (i.e., 20 cycles of polar
mapping). In addition, two dummy periods, lasting 24 and 12 s, were inserted
at the beginning and the end of each scan, respectively, and discarded from
the analysis.
Block Design 1: Body Part Preference
In this experimental procedure, a total of 240 colored photographs of different
body parts were presented at the center of the visual field, spanning a visual
angle of 12 3 12 degrees (Figures 1D and S1A). Each of the five conditions
corresponded to one body part category from the phase encoding experiment,
with each block containing six images (1 s per image). The experimental
conditions were counterbalanced and interleaved with ‘‘baseline’’ blocks of
6 s, comprised of scrambled versions of the body part images presented in
each of the main conditions. Each of the conditions was repeated over
8 blocks, in 1–2 runs. Each run was 516 s long, including dummy blocks, as
above.Participants were instructed to fixate on the central fixation point, and to
press a button whenever they detected the same image appearing twice in
sequence (a ‘‘one-back’’ task). This happened on average once per block/
baseline block.
Block Design 2: Shape Selectivity
In this experimental procedure, a total of 240 colored photographs were
presented, in the same manner as described in the previous section. This
time, we used images (and their scrambled versions) of 10 distinctive body
parts that comprised our original body part categories: the ‘‘lower face and
neck’’ were split into ‘‘lips’’ and ‘‘chin and neck’’; the ‘‘upper face’’ was split
into ‘‘eyes’’ and ‘‘nose’’; the ‘‘upper limbs’’ were split into ‘‘hands’’ and
‘‘elbows’’; the ‘‘trunk’’ was split into ‘‘chest’’ and ‘‘buttocks’’; and the ‘‘lower
limbs’’ were split to ‘‘feet’’ and ‘‘knees’’ (see Figure S1B for exemplars). The
procedure was extended across 2 to 3 runs.
Localizer of EBA
We used gray-scale photographs of whole bodies, body parts (the same
images used in block design 1, apart from the upper face) and man-made
objects (Figure 1C). The images were presented centrally, spanning 12 3 12
degrees. The three conditions were repeated eight times in 8 s blocks, inter-
leaved in a counterbalanced manner and separated by 8 s ‘‘rest’’ periods of
gray screen. Each block comprised eight images (0.85 s per image with
a 0.15 s interval of gray screen). Participants were engaged in a ‘‘one-back’’
task (with repeats appearing 1.5 times per block) while fixating on a central
point throughout the run.
Motor Mapping
In this block design experiment, participants were required to move their
tongue, hands, feet, or buttocks in different conditions. Upper facemovements
(using nose or eyebrows) were not used due to risk of substantial head or eye
movements. Prior to the scan, we made sure that participants could not see
their own movements. The scan was comprised of 16 s blocks, interleaved
with 12 s ‘‘rest’’ periods. Eachof the four conditionswas repeated in fiveblocks,
in a counterbalancedmanner. Participantswere asked tomaintain their fixation
on a point at the center of the screen throughout the experiment. In the
‘‘tongue’’ condition, participants moved their tongue to the left or right along
the teeth. In the ‘‘hands’’ condition, participants performed flexion and exten-
sion wrist movements using their left (two blocks), right (two blocks), or both
hands (one block). In the ‘‘feet’’ condition, participants carried out adduction
and abduction ankle movements (using their left, right, or both feet, as
described for the hands). Finally, in the ‘‘buttocks’’ condition, participants
were required to contract and relax their buttock muscles.
The name of the body part to be moved was presented on the screen at the
end of the ‘‘rest’’ block. Then, a small triangle was displayed (1.6 degrees2) for
0.25 s, cuing to the participants at what time and in which direction each
movement should be performed. At the end of each movement trial, partici-
pants were instructed to return their body part to the starting position (or state
of contraction).
Prior to the scan, participants were extensively trained to perform the
required movements while minimizing head movements. To avoid possible
motion artifacts, the participants’ heads were fixed using a standard head
holder (Siemens).
Data Analysis
Data were processed with BrainVoyager QX software (Version 1.10.4, Brain
Innovation,Maastricht,TheNetherlands).Subsequentanalyseswereperformed
using Matlab (version 7.6, The Mathworks Inc, Natick, MA) and SPSS (version
16.0 for Windows, SPSS Inc., Chicago, IL). For each run, the two-dimensional
(2D) functional datawere examined formotion and signal artifacts. Headmotion
correction, high-pass temporal filtering in the frequency domain (three cycles/
total scan time), and slice scan time correction were applied in order to remove
drifts and to improve the signal-to-noise ratio. Theslice-based functional images
were incorporated into the 3D data sets and coregistered with the high-resolu-
tion 3Danatomical image. Thecomplete functional data setwas then resampled
into a standard 3D space (Talairach and Tournoux, 1988) with 3 mm isotropic
resolution. Data in each fMRI session were analyzed based on a voxel-by-voxel
comparison, with no spatial smoothing.
The cortical surface of each participant was reconstructed from the high-
resolution T1-weighted scan, which was transformed into the standard brainNeuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc. 597
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morphed to create the inflated cortex surface.
Phase Encoding Experiment
We used the phase encoding approach (Bandettini et al., 1993; Sereno et al.,
1995; Engel et al., 1997) to construct the body parts and retinotopic maps.
Cross-correlation analysis was applied to find the time-point in a body part
or polar cycle at which each cortical voxel responded maximally (Figures 2A
and 2B). To that end we used the standard HRF, a two-gamma function
(Friston et al., 1998) with ‘‘time-to-peak’’ period of 6 s (i.e., taking into account
hemodynamic delay). The cross-correlation between the raw time course
of each voxel and the reference function was calculated for each run, as
a function of the time lag (in TR units, i.e., 2 s per lag). Runs with shuffled or
reversed order of body part and polar presentation were rearranged within
the cycle, according to the original order, to allow averaging of the r values
across runs.
r values with identical ordinal lag were then averaged within each voxel.
Voxels whose maximal r value passed a threshold level were included in the
body part or polar preference map (Figure 2B). The lag corresponding to the
maximal r value indicated which body part or polar position was the voxel’s
preferred one. Threshold level was based on the FDR approach to correct
for multiple comparisons within the resulting maps (Benjamini and Hochberg,
1995). The threshold r values were set to meet a strict false detection criterion
(q(FDR) < 0.001 for all maps and participants; this FDR criterion yielded r value
thresholds between 0.26 and 0.28 for different maps and participants).
In order to demonstrate the strength of the voxels’ preference for a particular
body part, we calculated the difference between the mean r values for the
preferred and the second-best categories. We used a continuous color scale
in order to indicate how strong was the preference for the particular body part
within each body part voxel thatmet our initial criterion for significance (Figures
2D and S2A).
The individual polar maps were used to delineate the borders of retinotopic
areas (Figure 2C and S2A), based on previous fMRI-related measurements of
angular maps (Slotnick and Yantis, 2003; Sereno et al., 1995; Engel et al.,
1997).
In order to calculate the group body part map, the mean r values for each lag
were calculated by averaging across participants. Only voxels whose best
group r value was significantly greater than 0 were included in the resulting
map (random effects analysis, p < 106, one-tailed t test). The threshold r value
(r = 0.15 for the average body part map) was chosen based on the same FDR
criterion that was previously applied to construct the individual maps.
All statistical maps were calculated and analyzed at 3 mm isotropic
resolution in the standard space. The r values of each individual voxel within
each run were standardized (using Fisher’s z transform) and averaged across
runs for the individual maps or across participants for the group-map (using
a weighted averaging algorithm), and the means were then transformed
back to the correlation coefficient scale (Cohen and Cohen, 1988). Further
interpolation to the resolution of the anatomical sets of individual participants
(1 3 1 3 1 mm) was implemented at the final stage of the analysis for visuali-
zation purposes.
Block Design Experiments
To compute statistical parametric maps, we z-normalized the time series data
from each functional voxel and applied a general linear model (GLM), as imple-
mented in BrainVoyager. The data from the separate runs were concatenated
when needed. A predictor time course was obtained by convolution of a condi-
tion box-car time course with a two-gamma function (Friston et al., 1998).
Group statistical maps were calculated using hierarchical random effects
model analysis (Friston et al., 1999), following spatial smoothing (with an
isotropic Gaussian kernel of 4 mm full width at half maximum). Significance
levels in the statistical parametric maps were calculated taking into account
the probability of a false detection for any given activation cluster, based on
the approach of Forman and colleagues (Forman et al., 1995) and accom-
plished by Monte Carlo simulation (‘‘cluster size correction analysis,’’ incorpo-
rated in BrainVoyager QX).
ROI Analysis
The individual body part preference maps shown in Figures 2C and S2A
(upper maps for each participant’s dataset) were further used to define
body part specific ROIs for each participant. The ROIs included any body598 Neuron 68, 586–600, November 4, 2010 ª2010 Elsevier Inc.part selective voxels from both the lateral and ventral surfaces of the
OTC. Four estimates of the BOLD response were defined for each separate
ROI: mean r value across voxels for each body part in the phase encoding
experiment; mean activation level for each body part in block design
experiments 1 and 2; and execution of unseen movements with body parts.
All ROI analysis was done using paired two-tailed t tests, unless stated
otherwise.
The preferred category within each ROI (defined in the phase encoding
experiment) was assessed by comparing the beta-values for this category
with the beta values for the second best category (as obtained from block
design 1), using paired one-tailed t tests. The level of similarity between the
average activation patterns in the two experiments in each ROI was also
assessed, using a correlation analysis, by applying a random coefficients hier-
archical model (Longford, 1993). Specifically, the individual r values for the
different body part categories in a given ROI (obtained from the phase encod-
ing experiment, after applying Fisher’s z transform) were compared with the
beta values from block design 1 (with participants as a random factor, beta
value as a dependent variable and r value as an explanatory variable). We
also applied amore traditional approach, i.e., weighted averaging of Pearson’s
correlation coefficients (Cohen and Cohen, 1988; Table S2). The same anal-
yses were used to calculate the correlation between the beta values of paired
subcategories of body parts. The analyses included all 16 possible pairings of
the 5 subparts within each ROI across participants. Finally, we performed the
above analyses to evaluate the level of correlation between ‘‘visual’’ beta
values from block design 1 and the ‘‘motor’’ beta values from the motor
experiment.
Visuomotor Correspondence
We used a linear correlation approach, to estimate the degree of correspon-
dence between the visual and motor body part maps across individual voxels.
One may expect that in both block design experiments, a voxel’s activation
time course would be affected by the transitions between ‘‘block’’ periods
(including a stream of stimuli and an associated task) and the ‘‘baseline’’
(rest) periods (in which the stimulus and task were suspended). This would
naturally lead to a positive correlation between any predictor assuming
a rise in the activation level during block periods and the raw time course,
regardless of any body part specificity. To deal with this confounding effect,
we correlated the raw time course of the visual and the motor block design
experiments with a separate, equally weighted predictor, corresponding to
the block periods of the four conditions. Partial correlation analysis was then
used to discount the contribution of the equally weighted predictor from the
correlation between the weighted predictor and the raw time course (see
Results).
Permutation Tests
To validate the statistical significance of the correlations between the pattern
of activation for the various visual body parts and their motor counterparts
(Figure 6), we used a permutation test. For each ROI within each participant,
we calculated the correlation coefficient between the activation level (beta
values) of the ‘‘visual’’ and ‘‘motor’’ conditions for all possible permutations
of assignment between these variables (4! = 24 possible assignments;
Legendre and Legendre, 1998). For each assignment, we then calculated
the group-average r value. This resulted in a distribution of r values for each
ROI. We then calculated the proportion of r values (obtained by permutations)
that were the same or greater than the average r value for the correct assign-
ment between visual presentation and motor execution of the same body
parts. In the ‘‘upper limbs’’ and ‘‘trunk’’ ROIs, none of the permutation
r values exceeded the r value for the correct assignment. In the ‘‘lower limbs’’
ROI, only one such value was larger than the r value for the correct assignment
(p = 1/24 = 0.042). The actual r value was therefore greater than 95% of the
permutation r values in all the above ROIs. In the ‘‘lower face and neck’’ ROI
this proportion was 16/24 (p = 0.67).
We used a similar permutation approach to test if individual voxels had the
same pattern of preference for the various body part categories in both the
visual andmotor domains (Figure 7). This test resulted in a proportion of voxels
that passed the test (within each ROI). To examine whether this proportion was
significantly different than that expected at random across the voxel popula-
tion, the proportions were compared (within each ROI), using a binomial
proportion test.
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